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Abstract
Background: The aim of this study is to show how geographical information systems (GIS) can be used to track
and compare hospitalization rates for traumatic brain injury (TBI) over time and across a large geographical area
using population based data.
Results & Discussion: Data on TBI hospitalizations, and geographic and demographic variables, came from the
Ontario Trauma Registry Minimum Data Set for the fiscal years 1993-1994 and 2001-2002. Various visualization
techniques, exploratory data analysis and spatial analysis were employed to map and analyze these data. Both the
raw and standardized rates by age/gender of the geographical unit were studied. Data analyses revealed persistent
high rates of hospitalization for TBI resulting from any injury mechanism between two time periods in specific
geographic locations.
Conclusions: This study shows how geographic information systems can be successfully used to investigate
hospitalizaton rates for traumatic brain injury using a range of tools and techniques; findings can be used for local
planning of both injury prevention and post discharge services, including rehabilitation.
Keywords: traumatic brain injury, geographic information systems, geographic visualization, spatial analysis
Background
Geographic information systems (GIS) describe a group
of software tools and methods that are used to integrate
and evaluate data from a variety of sources with geo-
graphic location as the underlying framework for inte-
gration [1,2]. These data may be mapped for
visualization purposes, and their locational relationships
may also be analyzed using tools from the field of spatial
statistics. GIS has been used by epidemiologists to inves-
tigate associations between environmental exposures to,
and the spatial distribution of, infectious disease [3-6].
GIS research in health and healthcare has primarily
relied on government supported databases [7-10] of vital
statistics to visualize mortality and morbidity.
While most large-scale studies have focused on dis-
ease, a substantial amount of GIS and health-related
research has also investigated incidence and mortality
related to injury [11,12]. In particular, research has
focused on injury resulting in pedestrian mortality
among adults [13-15] and children [16,17]. These stu-
dies have primarily been conducted to identify at-risk
intersections or neighbourhoods within an urban centre,
or to compare the effects of urban design or interven-
tion programs on pedestrian safety. Subsets of these stu-
dies have also linked individual data with contextual
e f f e c t sa n dh a v ef o u n dt h a ti n j u r i e sa r en o tr a n d o m
events occurring within a geographic area; rather, an
increased risk of injury has been linked to factors such
as regional population density, unemployment rate, and
various indicators of socio-economic status
[12,14,18,19].
One area of injury research that has received surpris-
ingly little attention in the GIS literature has been trau-
matic brain injury (TBI). TBI is a leading cause of death
and disability [20], predominantly affecting two age
groups: adolescents and young adults, where a large
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crashes; and persons over the age of 75, where most
injuries occur from falls [21,22]. Since many of these
injuries are preventable, and a high proportion of people
sustain these types of injuries, TBI represents a major
public health concern, particularly in terms of injury
prevention. In addition, because TBI can result in long
term disability, better information on geographic pat-
terns can inform resource allocation for post-injury
care, including rehabilitation. The Centers for Disease
Control and Prevention (CDC) have maps available
online for viewing TBI mortality rates at national and
state levels [23]; some states have also generated TBI
mortality rates by county. However, there are no pub-
lished reports in the peer reviewed literature specifically
on TBI incidence across large geographic regions, and
none to date in Canada. In Canada, hospital administra-
tive data are directly linked to public health insurance
records; thus, the presence of publicly insured health
care ensures the the availability of administrative data
for an entire population in Canada, which includes a
representative sample of hospitalizations for TBI.
One previous research effort, broadly related to our
study, focused specifically on geographic disparity in all-
cause premature mortality in Ontario [24]. Standardized
mortality ratios (SMR) were used to identify geographic
areas with higher mortality than expected at three popu-
lation levels: regional, district health council, and public
health unit. Results showed higher than expected mor-
tality rates in some large regions, specifically in North-
ern Ontario, and that geographic disparities were clearly
greater and more easily differentiated when analysed for
smaller geographic areas. Altmayer et al. [24] also noted
that such disparities reflect the underlying distribution
of population health determinants.
The present study, therefore, is an exploratory analysis
to establish whether GIS methods can be used for inves-
tigating regional differences in rates of hospitalizations
for TBI from all mechanisms of injury in Ontario,
Canada.
Results & Discussion
Introduction
Geographic location of hospitalizations for TBI, aggre-
gated to regional counts by municipality, was examined
for two separate periods eight years apart in the pro-
vince of Ontario, Canada. Hospitalization rates for TBI
were mapped by age and major mechanisms of injury
(e.g., motor vehicle collisions or falls). A province-wide
exploratory analysis was used to identify potential geo-
graphic areas of high risk. Further, mapping incidence at
two different times aimed to show changes in rates over
time, and to identify those areas with a persisting high
risk for TBI occurrences. Although other studies have
compared the incidence of TBI in urban and rural areas
[18,25], this study collects and analyses within-province
hospitalizations for TBI for each municipality.
This study was designed to determine the potential of
GIS methods, focusing on data exploration and hypoth-
esis-generation rather than on formal hypothesis-testing.
As a result, the study went through two iterations of
data preparation and analysis: first, to identify data char-
acteristics, and to test software and the methodological
approach; and second, to try to resolve some of the
methodological issues identified in the first iteration and
apply the most promising methods. A prior technical
paper provides additional methodological details [26].
Since the purpose of this paper is to explain the meth-
ods via the example data set, the methods and results
section of this paper are combined. This section con-
tains a discussion of how and why different analytical
methods are used. Also, it contains information on how
to interpret the results for this data.
Data sources
The data on hospitalizations for TBI were obtained from
the Ontario Trauma Registry’sM i n i m u mD a t aS e tf o r
two time periods, 1993-94 and 2001-02. These indivi-
dual-level data were geographically located using the
Ministry of Health “Residence Code”, used by the minis-
try for service provision, and were based on the address
recorded by the Ontario Health Insurance Plan - the
province’s public health insurance plan - for each
patient. The population and socio-demographic data
used were publicly available census information, col-
lected and distributed by Statistics Canada ("StatCan”),
for the census years 1991 and 2001. Through the Data
Liberation Initiative of StatCan, the University of Tor-
onto Library System licenses these data for research
purposes. Geographic reference map files from StatCan’s
Census geography are also available through this pro-
gram. Supplementary geographic data files from the
library and other sources were also used for map crea-
tion and data analysis. Table 1 summarizes the two
main data sources.
Uses of GIS to inform public health decision-making
For the purposes of this paper, the main uses of GIS can
be categorized into four phases, as visualization, explora-
tory data analysis, geographic (spatial) analysis, and pre-
sentation of results (See Figure 1, derived from
Dragićević et al [27]). The boundaries between these
uses are sometimes blurred, and the distinctions
between them may be somewhat semantic; while work-
ing in a GIS environment they occur more as way sta-
tions along a continuous process rather than as discrete
steps. In fact, each successive use may be seen as an
extension or enhancement of the previous one.
The first phase, visualization, is defined herein as the
act of representing a single data set on a map and
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hospitalizations were aggregated and mapped by geogra-
phical area, as shown in Figure 2a. Exploratory data ana-
lysis takes the visualization process further by
comparing data sets by overlay of one time frame over
another or calculation of statistics (Figure 2b) and
includes tools ancillary to mapping, such as graphing or
data brushing. The third phase, geographic (spatial) ana-
lysis, explicitly utilizes the methods of spatial statistics,
which incorporate location and topological (i.e., neigh-
bouring) relationships into the analysis of a dataset (Fig-
ure 2c). Finally, presentation of results represents the
graphic communication of the results of analysis to an
audience.
Methodological issues
In this study individual incident data were aggregated to
regional counts; this means that the total number of
injuries of each type and for each subpopulation were
cross-tabulated by municipality. Using regional count
data to analyze spatial clustering raises a number of
issues and limitations related to the imposition of the
“filter” of the aggregation units on the data [28]. Prime
among these is the risk of ecological fallacy, or the geo-
graphical equivalent, the “modifiable areal unit problem
[MAUP]”. Simply put, this is the demonstrable risk that
aggregation by different geographic “containers” will
lead to variable results in statistical correlation [29].
Regional count analysis must “also balance the small-
number problem with the spatial scale of the data” [28,
pg. 201]. That is, small geographic units lead to small
counts, which reduce the statistical stability of observed
and estimated data. Therefore, deciding which geo-
graphic units to use is key.
In this study census subdivisions (CSDs) were used, as
these were the smallest units of census geography that
Table 1 Summary of two main data sources
Ontario Trauma Registry “Minimum Data Sets”
Time periods ￿ Apr 1993 - March 1994 (n = 12,922)
￿ Apr 2001- March 2002 (n = 10,782)
Criteria for inclusion ￿ Age at time of accident > 15 years
￿ Acute hospital admission with ICD9 diagnosis codes 850-854 indicating traumatic brain injury
Variables ￿ Age at time of accident by 5 year cohort
￿ Gender
￿ Mechanism of injury (Motor vehicles, Falls, Other)
￿ Geographic location (MOH Residence Code 1993 and 2001; usually corresponds to municipality;
based on address of patient recorded by the Ontario Health Insurance Plan)
Statistics Canada Census Geographic files
Time periods ￿ 1991 Census
￿ 2001 Census
Geographic location: ￿ 1991: 951 CSDs
Census subdivision (CSD) - usually
corresponds to municipality
￿ 2001: 586 CSDs (reduction due to municipal amalgamation)
Variables* ￿ Population counts
￿ Age and gender by 5-year cohorts
￿ Socio-economic indicators (including Occupation, Income and Education related indicators)
* data missing or suppressed for some CSDs
Figure 1 Uses of GIS to inform public health decision-making.
Derived from the “exploratory spatial data analysis” process of
Dragićević et al. [27]
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Figure 2 Examples of maps showing visualization, exploratory data analysis, and geographic (spatial) analysis. 2a: Example of
visualization. Providing an overview and visual illustration of data sets, and putting them in geographic context, is an important function of GIS
and mapping. Here we view an overall look at the distribution of cases of TBI from the 1993-94 data set. 2b: Example of exploratory data
analysis. Maps of ratios or proportions of subsets of the participant population, by different variables, can be created for visual examination. The
cartographic methods used for representing data have a significant impact on their visual interpretation. Many municipalities are small in area,
and so are practically invisible in the choropleth map shown here. 2c: Example of geographic (spatial) analysis: Statistics such as the “Local
Moran’sI ”, generically referred to as the Local Index of Spatial Autocorrelation (LISA) can be used to identify areas of significant geographic
clustering of data points, in this case, the initial calculation of standardized morbidity ratios by CSD for TBI.
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level of the municipality (Figure 3). It was necessary to
use census units for the provision of demographic and
socio-economic information that can be obtained; for
example, age-cohort data were used to calculate SMR by
CSD. Since another goal of the study was to compare
rates from 1993-94 and 2001-02, using census geogra-
phy also allowed comparable aggregation units to be
created, and data compared, across time. Lastly, the
potential for correlation of rates to socio-economic vari-
ables was also explored.
Data analysis
The first iteration of data exploration mapped and
examined a wide variety of data comparisons, including
comparisions of hospitalization rates to age distribution
and mechanism of injury. Generally, expected patterns
seemed to emerge: areas with older populations had
higher rates, presumably due to falls; rural locations
appeared to have higher rates than urban ones. We
found that, although some intriguing patterns emerged,
interpretation was limited by the methodological issues
listed above (i.e., MAUP), as well as by some limitations
in GIS functionality. Regarding the latter, the areas that
needed to be improved were:
1 .A b i l i t yt ov i s u a l i z ea n de x p l o r em u l t i v a r i a t ed a t a
relationships
2. Ability to control the method of creating neigh-
bour relationships and other parameters for aggrega-
tion and spatial clustering analysis
3. Ability to compare patterns of spatial clustering
over time
4. Ability to do regression analysis incorporating a
spatial component.
1
Therefore, in preparation for the second iteration of
analysis, the methodological issues dealing with regional
count data in this context, and limitations in GIS func-
tionality, needed to be addressed.
The Local Indicator of Spatial Association (LISA sta-
tistic) was used [30,31] for analysis. This application
identifies clusters of High-high CSDs (units of signifi-
cantly high rates surrounded by other significantly high
rates, after a randomization process and significance
testing is applied), and High-low clusters (units of signif-
icantly high rates surrounded by significantly low ones.)
The statistic also identifies significant clusters of low
rates, but these were not considered in this study. Per-
sistence of clusters between the two time periods stu-
died was also examined. In addition to the LISA
analysis, an alternative measure to identify clustering,
the Getis-Ord Gi* statistic [32], was used to corroborate
results.
2
GIS methodological and functional issues
We dealt with the methodological issues in two ways.
First, we decided to aggregate CSDs to achieve a “mini-
mum population threshold,” intended to stabilize rate
calculations. This involves pooling together areas with
small populations in order to provide enough of a popu-
lation to determine rates. Second, use of an appropriate
“rate-smoothing” method was made to overcome the
problems of high rates based on low base populations
[28,30]. The most common solution in the literature is
the use of spatial empirical Bayes interpolation to
smooth the data surface and eliminate “zero” values.
Both of these operations required analysis of “nearest
neighbours” for each geographic unit based on their
relationship to surrounding units; to establish nearest
neighbours, CSDs were aggregated and rates were
Figure 3 Ontario Census subdivisions (CSDs) in 1991 (n = 951), and 2001 (n = 586).
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tionships should be based primarily on a network analy-
sis, using transportation connections and distance to
define nearest neighbours. This was also the basis for
the definition of neighbours in the cluster analysis
described below.
The limitations in GIS functionality were overcome by
using two different GIS packages. Also, after the second
iteration’s visualization and data exploration stages, we
decided to focus on points 2 and 3 above – analysis of
clustering of standardized rates of TBI hospitalization
and comparison of spatial clustering patterns over time.
This seemed to be the best way to identify areas with
significant TBI occurrences.
Visualization and exploratory data analysis
Both the 1991 and 2001 maps of age-standardized TBI
counts by municipality show a strong correlation to
overall population distribution, as would be expected.
(These maps are not illustrated here for confidentiality
reasons.) Thus, more urbanized Southern Ontario shows
the concentration of large counts. All other maps
represent age-standardized TBI rates rather than counts,
so differences in population sizes are no longer an
issue.
3
When SMR is mapped (see Figure 4a), the pattern is
generally the inverse of population distribution, with
rural areas and the North showing more high rates of
hospitalizations, with a few outliers in the South. This
pattern is maintained when empirical Bayes smoothed
rates (EBR) are mapped (Figure 4b), and generally
applies to both the 1993-94 and the 2001-02 data.
Within this pattern, there are several areas where the
higher values tend to cluster, or high outliers occur.
Described generally, these are:
1. a large number of isolated communities in North-
western Ontario
2. North Central Ontario (a collection of high rates)
3. on or near Manitoulin Island in Lake Huron (a
large concentration of high rates)
4. spread across Southwestern Ontario (a collection
of high rates)
a b 
c d 
Figure 4 Examples of mapping of TBI rates and cluster analyses.
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Ontario (a few large outliers; these vary between
time periods)
These findings highlight potential problem areas for
further investigation. Our study follows up on this ana-
lysis using spatial analysis of clustering.
One aspect of this exploration, often neglected, is that
the cartographic methods used for representing data
have a significant impact on their visual interpretation.
As an example, many municipalities are small in area
and so are practically invisible in the shaded area (chor-
opleth) maps generated by default in GIS statistical soft-
w a r e .H o w e v e r ,w h e nd a t ab yC S Da r em a p p e du s i n g
circles proportional in size to the data, these data
become more visible, and distinct clustering patterns
m a yb eb e t t e rp e r c e i v e d( S e eF i g u r e4 ) .T oa c c o m p l i s h
this, the default cartographic rendering in most GIS
packages will need to be overridden with appropriate
customized representation, or symbolization.
Spatial analysis of clustering - LISA and Getis-Ord Gi*
statistics
The importance of geographic clustering of high hospi-
talization rates has not yet been established. Since TBI
is not “contagious”, the assumption is that an underlying
phenomenon may exist which is related to proximity,
connectivity, or other environmental contextual factors;
this would influence high rates to be grouped together
spatially. If this clustering is found, further investigation
into these potential factors should be undertaken.
The LISA (Local Moran’s i) and Getis-Ord Gi* meth-
ods for identifying clusters each take a slightly different
approach to the task. In terms of practical interpreta-
tion, both methods identify significant High and Low
clusters, i.e., High or Low geographic units neighbour-
ing on similarly High or Low units, where units in this
case are CSDs. The LISA also identifies anomalous
clusters, i.e., High units surrounded by Low ones, or
vice versa. In this study we are interested in clusters of
High values only. For interpretation purposes, maps
were constructed showing only significant High clus-
ters as classed, colour-coded circles sized according to
multiple significance levels (p < .01, p < .02, or p <
.05) (See Figure 4c and 4d.) This provides a more
nuanced tool for interpretation of results than a simple
binary representation.
The results of the spatial analysis of clustering gener-
ally reinforce the visual analysis of the data exploration
maps: many of the same groupings of high EBR values
identified visually appeared as significant High-high
clusters resulting from the LISA analysis, although at
varied levels of significance. In contrast, many of the
high outliers which were geographically isolated did not
re-appear as significant clusters at all, either in the
High-high or the High-low category. This is to be
expected, as the relationships among neighbouring
CSDs affects the cluster analysis; for example, a value
can be high, but if surrounded by moderate values it
will not be identified as a significant cluster. Comparing
the results of the LISA clusters and the Getis-Ord Gi*
clusters, most of the LISA High-high clusters are
repeated as Gi* High values. There are some exceptions
in both directions, but overall the two methods corrobo-
rate the clustering results.
Comparison of two time periods: 1993-94 and 2001-02
In order to make the mapping and analysis of the 1993-
1994 and 2001-2002 TBI data compatible, we aggregated
the data to common geographic units and merged the
2001 CSDs to match the more numerous 1991CSD
boundaries as closely as possible. This created a “lowest
common denominator” map of comparable geographic
units. Comparison was done in two ways: a visual com-
parison of patterns between EBR and clustering maps
for the two time periods, and an analysis of persistence
of significantly high clusters between the two periods.
Visual comparison showed significant similarities in
the patterns of high EBR values and clustering between
the earlier and later data series. The most stable were
the patterns noted above as points 1, 2 and 3, that is,
high rates of TBI incidence in Northwestern and North
Central Ontario, and around Manitoulin Island. The
analysis of persistence of clustering, however, found a
fairly small number of individual CSDs that are identi-
fied as clusters in both time periods (see Figure 5). This
map specifically compares TBI smoothed EBR signifi-
cant clustering statistics (LISA and Gi*) between two
time periods, showing persistence of clusters by each
method. For the LISA statistic, there are few persistent
clusters: only nine keep the same classification from one
time period to the next. A greater number of Gi* High
clusters persist, but still a small proportion. This reflects
the fact that even in the “stable” areas of high rates and
clustering, on closer examination, there is some amount
of shifting of high rates among neighbouring CSDs.
Even where clusters do not persist, however, comparable
patterns may be repeated. A good example of this is the
High-low clusters identified by the LISA analysis in
Southern Ontario (See Figure 6). These represent ele-
vated rates with moderately low neighbours. That these
exact clusters do not persist indicates they may be the
result of a temporary situation or unique event. How-
ever, the fact that there is a similar pattern of other
CSDs in the same general area with similar cluster char-
acteristics may indicate that there is some mechanism at
work that has a geographic component, or that similar
conditions in these Southern Ontario communities
result in similar kinds of TBI rate profiles, eight years
apart.
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The persistence of high rates of TBI-related hospitaliza-
tions between the two time periods suggests the possibility
of a chronic or recurring problem that may be the result
of persistent risk factors. Moreover, similar geographic
patterns of occurrence, even where exact locational persis-
tence does not occur, may also signal a contextual element
related to high incidence of TBI in which geographic loca-
tion or contact between neighbouring populations plays a
role. The rational follow-up to this analysis would be to
focus on these identified areas of high rates (and of persis-
tent clusters) for more a detailed study of demographics,
mechanism(s) of injury and risk factors to see if these
potential underlying operational factors can be discovered.
GENERAL AREAS 
OF PERSISTENT
CLUSTERS 
1993-94 AND 
2001-02
for TBI Age-Standardized
Smoothed EB Rates
General area of
Persistent LISA 
clusters at P<.05 level
General area of
Persistent Getis Gi* 
clusters at z>2.95 level
Figure 5 Persistent high clusters for 1993-94 and 2001-02 data, identified by LISA and Getis-Ord Gi* cluster analyses.
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code has not been thoroughly assessed. In addition,
examining changes in rates over time presented many
challenges; this is because the underlying geographic
groupings had changed such that smaller areas were
merged into larger ones. This raises methodological
issues that have been noted, such as the modifiable areal
unit problem. It should also be noted that our study
focused on hospitalization for TBI and as such repre-
sents the most severe of injuries. A much larger and
more representative sample of TBI cases would have
been available if data from all emergency rooms and
acute care hospitalizations were included. However,
emergency room cases that are not associated with a
subsequent hospitalization are less likely to require post
acute services such as in patient rehabilitation. We
recognize, however, that even a “mild” TBI can have
long term implications [33] and require subsequent care
[34,35]. Thus, future analyses should be conducted on
data that include all acute care, emergency room, and
where possible physician visits.
In addition, mechanisms of injury for TBI vary by
level of severity, where mechanisms such as being struck
by an object may be more common with the inclusion
of emergency room data [21]. Through ongoing research
we plan to examine the counts by mechanism of injury.
Preliminary data analyses show different geographic pat-
terns by higher percentage of mechanism. For instance,
TBI by falls have a higher concentration in a big city
core whereas motor vehicle collisions are more likely to
be in the suburban areas, presumably where there is a
greater need for road travel.
It is also possible to compare the degree to which
patients receive care in their own geographical area or
go outside their regional funding units. In previous
work, we have shown the percentage of persons who
obtain care both within and outside their geographical
area (local health integration network) [36]. This infor-
mation can be used to direct funds towards unmet
needs or to monitor financial impact of care in specific
geographical areas. This concordance can also be
mapped in future analyses; however, modeling shifts
between hospitals would be extremely complex. Map-
ping according to patients’ residence allows one to plan
for home-based services for the long term and could
thus greatly benefit patients since many persons with
serious brain injury require long term support.
Conclusion
This study demonstrates the value of exploratory data
and spatial analysis using GIS for investigating hospitali-
zation rates for TBI. This information can be used to
guide local planning of both injury prevention strategies
and services. The data can also be used by policy
makers and advocates to justify additional resources for
preventing and treating brain injury. Further, geographic
analysis of hospitalization rates can be compared before
and after specific interventions to determine impact.
GIS in public health may be most effective when used
by health professionals familiar with the conditions and
concerns in the territory under examination for interac-
tive mapping of different data sets and the development
of hypotheses. In Ontario, funding has been decentra-
lized to local health integration networks; public health
units concerned with injury prevention also operate
within certain geographical boundaries. Thus, a geo-
graphic level of analysis is particularly relevant. Our
paper presents different types of data visualization that
6a 6b 
Figure 6 LISA Cluster maps contrasting results using 1993-94 data with 2001-02 data, each aggregated to 2001-comparable CSDs.
High-low LISA clusters in Southern Ontario show similar patterns, but in different CSDs.
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of hospitalizations for TBI, as well as information on
high rates when base population rates are taken into
account. Additionally, the predominance of different
types of injury mechanisms can be examined. Geo-
graphic trends over time are also useful in order to
determine whether patterns are stable or random. The
outcomes from this study demonstrate the potential of
this methodological approach and identify a number of
areas for future investigation, such as uses of GIS for
targeting rehabilitation and prevention services.
Endnotes
1 .S i n c et h i ss t u d yw a sd o n eA r c G I Sa n ds o m eo t h e r
GIS packages have begun to include functionality for
points 3 and 4
2 .T h es o f t w a r eu s e df o rt h ed a t ae x p l o r a t i o na n dt h e
LISA analysis was GeoDa (Spatial Analysis Lab, Depart-
ment of Geography, University of Illinois; now at GeoDa
Center for Geospatial Analysis and Computation at Ari-
zona State University - http://geodacenter.asu.edu/) [31].
For the network analysis, the Getis-Ord Gi* statistic,
and for mapping purposes, ArcGIS 8.3 was used (http://
www.esri.com.)
3. All the map examples in Figure 4 show the 1993-94
data aggregated to 2001 CSDs which were based on lar-
ger amalgamated municipalities; the 2001-02 data were
similarly mapped.
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